In this paper we provide evidence that the trading activity of small retail investors carries significant genuine information that can be exploited for the short term out-of-sample forecasting of foreign exchange rates. Our findings are based on a unique dataset of around 2000 retail investors from the OANDA FXTrade electronic trading platform.
Introduction
In market microstructure theory, key ingredients for a large number of models are two types of investors: informed investors that are endowed with some sort of private information and uninformed noise traders. In practice, informed investors are usually associated with professional and big institutional investors, while retail investors and smaller institutional investors are associated with noise traders, who possess no (important) private information and trade at best merely for liquidity reasons or with price contingent strategies (e.g. momentum or contrarian). In this paper, we provide evidence that on aggregate retail investors possess additional information that is otherwise not publicly available and can be exploited to significantly improve short term out-of-sample price change forecasts. More specifically, additional information refers to information beyond the information already incorporated in past prices and interbank order flow.
Most of the research on order flow and currencies has concentrated on the interbank market (e.g., Evans & Lyons (2002a ,b, 2005 , Payne (2003) , Bjønnes & Rime (2005) , Berger et al. (2008) , Daníelsson, Luo & Payne (2012) among many others) and analysed the information content of inter-dealer order flow. Here two main theories are put forward why order flow contains information about future price changes. One theoretical foundation is given by the portfolio allocation model of Evans & Lyons (2002a,b) , in which exchange rate movements are explained by investors optimally re-balancing an underlying portfolio, because of shifts in risk preferences for different markets. Their model considers two different markets: the customer-dealer market and the dealer-dealer (interbank) market. Dealers trading in the interbank market learn about order flow in the customer-dealer market and this customer order flow helps in predicting currency price changes and order flow in the interbank market. Another theoretical foundation can be based on the argument of Sarno & Taylor (2001) , who consider order flow as an aggregation device of macroeconomic fundamental information, which is highly dispersed among market participants. Both models require that market participants interpret information, either about portfolio changes or about changes of macroeconomic fundamentals, in the correct way, that they adjust their expectations for future prices in light of this information, and therefore place their orders accordingly.
In practice, the way how information is incorporated into the price processes is, how-ever, much more complex as traders can resort to different trading strategies, order types and can use their information to correct for perceived mispricing at different time horizons. Another important factor that needs to be kept in mind is that when we use order flow to try to proxy for information, different aggregation frequencies will potentially capture different types of information.
There seems to be a consensus that in the FX market customer order flow (trading between a dealer bank and non-dealer clients) is one of the most fruitful source of private information for a dealer bank. The papers of Osler (2005) , Osler & Vandrovych (2009) and Marsh & Miao (2012) analyse such customer-dealer order flow and find evidence for the predictive power of such type of order flow. Osler & Vandrovych (2009) analyse the customer order flow of the Royal Bank of Scotland and break it down into different types of end-user order flows. They find that only trades of leveraged investors, who are assumed to actively acquire and interpret information, carry significant information for forecasting horizons of 30 minutes up to 1 week.
These client order flow streams in the analyses above differ, however, significantly from the retail customer order flow that we analyse in this paper. The studies above consider players in the dealer market, whose clients are themselves large institutional customers such as hedge funds, governments, broker-dealers and commercial banks, who often trade volumes which are several times higher than the standardised order sizes in the interbank market. Our paper is, therefore, not the first that analyses the information content of order flow in the foreign exchange market, but it is the first that analyses retail investors' order flow in the FX market on the basis of a unique dataset from an electronic currency trading platform: OANDA FXTrade. Our dataset contains the whole record of all trading actions of around 2000 traders on a second-by-second basis. Most of these traders are small retail investors and companies without access to private information such as observing own customer order flow for example. A central element of our analysis is to capture the information flow process on a high-frequency level for these investors; or put slightly differently to measure their expectations revealed by their trading actions. Those expectations may well be driven by specific news events, risk preferences, hedging demands and investors' particular day-to-day business. The key question asked in this paper is: Does the trading activity of these retail investors (on aggregate) provide new information to the market?
The characteristics of our dataset enable us to fill two existing gaps in the literature. First, in contrast to Marsh & Miao (2012) , who for example not even include order volumes below 500,000 EUR in their database, we focus explicitly on the information content of order flow of a large set of small retail investors (non-financial customers) operating with comparatively tiny trading volumes (order flow with median transaction volumes of 2,000 EUR) for the prediction of future price changes. Such retail investors are typically placed among the lowest in the pecking order of liquidity traders and considered as pure noise traders. To our knowledge there has been no analysis of such customer data obtained from an electronic trading platform, as of yet. Second, the structure of the OANDA FXTrade dataset enables us not only to investigate the information flow process and information content of each and every order category on a high frequency level, but also whether orders were submitted to open or close a position. We use this information to look at the information content of transaction category specific order flows on the micro-level. This further enriches the existing literature, which considers so called combined order flow measures (e.g. Lyons (1995) ) that can be constructed from datasets with less information, but consequently aggregate potentially valuable information out.
We start our analysis by taking the specific nature of the OANDA FXTrade platform, which is partially organised as a crossing network and the detailed information on individual order type order flows into account, to assess the forecasting performance of the category specific order flows. In an in-sample and out-of-sample forecasting study we then analyse the forecasting power of these order flow measures for the prediction of future currency price changes over horizons ranging from 1 minute up to 1 hour. More precisely, we investigate whether forecasting models for future price changes relying on category specific order flow information outperform models relying on historical price changes and interbank order flow information. We provide evidence that on aggregate retail investors trading flow can be exploited to significantly improve short term out-of-sample price change forecasts, and that both market order and limit order order flows predict future price changes at high frequencies up to 5 minutes. In a next step we then construct a combined order flow measure that aims to capture the genuine information of the crowd of OANAD FXTrade investors and compare it to the forecasting performance of the standard order flow measure that has traditionally been used in the foreign exchange (e.g., Lyons (1995) ) and equity (e.g., Chordia, Roll & Subrahmanyam (2002) ) market literature. The results of this analysis confirm that on aggregate retail investors trading conveys new information about future prices and that the use of the standard order flow measure mixes up information processes of OANDA FXTrade customers and interbank market dealers, which in our study leads to an inferior forecasting performance.
We also investigate whether the traders on OANDA FXTrade form consistently correct beliefs about future price movements or whether they are consistently wrong. To carry out this analysis, we abstract from more complex information processing mechanisms and rely on a strong simplifying assumption that a positive (negative) correlation between order flow and future price changes indicates correct (wrong) beliefs. We find that there is no clear cut answer to the question and that it highly depends on the type of order used and the forecasting horizon that we consider. There is, however, a clear tendency that for short forecasting horizons their beliefs seem to be correct, while for longer forecasting horizons they seem to be wrong.
Our analysis is related to the papers of Nolte & Voev (2011 ), Nolte (2012 and Nolte & Nolte (2012) who analyse the same trading activity dataset from OANDA FXTrade, but focus on how the individual investors make trading decisions and are influenced by behavioral effects such as monitoring, endowment effects, overconfidence and disposition effects. This paper is organised as follows: Section 2 gives an overview of the literature about small retail investors primarily in equity markets. In Section 3 we explain our dataset and the trading mechanism on the OANDA FXTrade platform. Section 4 presents the in-and out-of-sample analyses of the category specific order flow measures. While Section 5 provides a detailed discussion about alternative order flow measures, Section 7 presents some robustness checks. Finally Section 8 concludes.
Retail Investors
Although this paper is, to the best of our knowledge, the first paper to examine the prediction power of a collective of small retail investors in the foreign exchange market, it contributes to the ongoing debate prevailing in other markets on whether retail trading conveys information about future prices. In the finance literature, and more specifically in the market microstructure and behavioral finance literature, small retail investors usually have the image of unsophisticated noise traders suffering from psychological biases and having almost no (relevant) private information to trade on (Odean (1998) , Barber & Odean (2000) ).
This view is deeply rooted in traditional finance reasoning and present in the literature since decades. Recently, it has again been confirmed by Foucault, Sraer & Thesmar (2011) who show that retail trading activity has only a positive effect on the volatility of stock returns without generating any price impact which suggests that retail investors behave like noise traders, as they trade for non-informational reasons.
Despite this unflattering image, more and more researchers try to address the future return predictability based on retail investors' order flow, by investigating whether stock returns can be predicted using retail investors' net buying statistics. In fact, as pointed out by Kaniel, Liu, Saar & Titman (2012) , the aggregation of the individual information contained in all trades executed by a crowd of retail investors might send a quite precise signal. They focus on individual trades around earnings announcements and argue further that it might be much easier for them to trade quickly and aggressively small quantities when they are informed than for institutions, as institutions might face trading restrictions and are cautious to incur litigation risk and adverse publicity by trading too aggressively.
Nevertheless, this debate in the literature is far from over with many existing studies coming to different results with no clear cut conclusions. Dorn, Huberman & Sengmueller (2008) analyse daily transaction records of 37,000 retail clients from a single German retail broker from 1998 to 2000, where they distinguish between speculative and other trades, and between market orders and executed limit orders. They show that both aggressive and passive order imbalances positively predict stock returns at monthly horizons. Moreover they also find that these retail investors behave both like trend followers (positive feedback trading) and contrarians. Hvidkjaer (2008) investigates the relationship between retail investor trading behavior and future stock returns by using monthly small-trade volume data on listed New York Stock Exchange (NYSE) and American Stock Exchange stocks in the period from January 1983 to December 2005. He shows that small-trade volume contains information about future stock returns, and more specifically, that stocks with high small trade buying pressure are outperformed by those with strong selling pressure. Kaniel et al. (2012) provide evidence that, between 2000 to 2003, aggregated retail orders executed around earnings announcements on the NYSE are able to predict both large positive and negative daily abnormal firms' stock returns. Their results support the argument that on aggregate retail investors' trading prior to earnings announcements contains information. Moreover, by decomposing the cumulative abnormal returns into a component attributed to liquidity provision and a component attributed to trading on private information, they show that retail investors act as contrarians and provide liquidity to the market and that almost 50% of the trades are based on some kind of private information. Barber, Odean & Zhu (2009) use tick-by-tick transaction level data for US stock markets over the period [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] . Given that their dataset does not contain information on who is a retail investor, they infer their presence by the size of the trade. They find that retail investors are able to predict weekly and annually returns in the way that heavily bought (sold) stocks one week earn strong (low) returns the subsequent week. This effect reverses on an annual basis.
More recently, Kelley & Tetlock (2013) investigate the role of retail investors in stock pricing over the period [2003] [2004] [2005] [2006] [2007] . They show that collectively retail investors are able to predict monthly returns, and hence cannot only be consider as "noise" traders, as usually assumed in the finance literature (e.g., Black (1986) and many others). Menkhoff, Sarno, Schmeling & Schrimpf (2013) use data on daily customer order flows of asset managers, hedge funds, corporate and private clients of the FX market over a sample period from 2001 to 2011. They show that end users order flow is highly informative for future exchange rate changes, but that order flow from corporations and "private" customers are not or negatively related to price movements. However, even in the presence of a negative correlation of order flow and price movements, order flow is informative from a forecasting point of view.
In the light of the above mentioned papers, one can postulate that retail investors can be regarded as a special class of "informed" traders, possessing private information, in the sense that they trade not only based on their beliefs concerning the price change direction rather than the fundamentals of the underlying asset, as pointed out by Harris (2003) , but also in the sense that they use the aggregated information flow in the market to learn and become informed (i.e. chartists, trend followers, contrarians). Taking these characteristics into account, Xue & Gencay (2012) introduce a market microstructure model in which they assume that the aggregated supply of noise traders can be split into two components, a predictable aggregated supply which is a function of past prices and an unpredictable, idiosyncratic liquidity shock. They then introduce different layers of information hierarchies in their model with the result that more information hierarchies among informed traders imply a slower information diffusion rate. In their model, they obtain this result because it is impossible for the partially informed traders in the middle to infer whether the price movements come from a change in the fundamental value/information or from the liquidity shock generated by noise traders. This also means that the best informed traders prefer to trade with each other in the presence of information hierarchies and thereby risk ignoring the layers of less informed traders, who in the meantime might have acquired new valuable information. Using simulation studies and data from China's limit order book market from January to September 2007, they show using their model not only that the trend-following behavior of noise traders can generate momentum in returns, but also that the aggregated information of noise traders can generate excess returns in a perfectly rational way.
In contrast to the existing literature focusing on the future return predictability based on retail investors' order flow in the equity market, studies on order flow in the FX market entirely concentrate on the information content of inter-dealer or aggregated customer order flow, as mentioned previously in the introduction. In the light of the model of Xue & Gencay (2012) , the results obtained for retail investors in equity markets and our unique dataset containing information on small retail investors in the FX market AND on detailed flow of different categories of individual trading actions, we postulate that the trading activity of the retail traders on OANDA FXTrade contains valuable information for the prediction of future price changes. To be more precise, we formulate the even stronger hypothesis that on aggregate retail investors possess additional information for short term intraday price change forecasting beyond the information already reflected by past prices and order flow of institutional investors. In this context, we especially focus on the information content of the individual transaction categories' order flows.
OANDA FXTrade and Data Description
OANDA FXTrade (www.oanda.com) is an electronic trading platform for currencies operating on a 24 hours, 7 days per week basis. The platform is organised as a market making system and continuously provides bid and ask quotes with spreads as low as 2 to 3 pips for all transaction sizes for all major currency pairs. The quotes are based on a proprietary forecasting algorithm relying on OANDAs' own inventory book and an external (crossing network) data feed. Given various boundary conditions, as for example sufficient margin requirements, orders are always executed. Market orders (buy or sell) are executed immediately and limit orders are maintained in the system for up to one month. The bid and ask prices quoted by OANDA rely only partially on their own inventory (limit order) book and a situation might arise where a newly submitted limit order lies inside the bid-ask spread without visibly improving OANDAs' quoted prices. Therefore a new limit order could be matched by OANDA i) against an incoming market order, as usual; or ii) against the bid or the ask price of OANDAs' quoted prices once they "cross" the limit order which lay inside the bid-ask spread. In addition to standard limit orders, so called special limit orders (stop-loss and take-profit) can be submitted to the system. Stop-loss orders imply the closure of a position when a previously set loss limit is reached. Takeprofit orders, on the contrary, close an open position when a certain profit is realised.
The dataset used in our analysis is constructed from the trading activity record of OANDA FXTrade which contains the exact timing of all trading actions on a secondby-second basis. The first column of Table 1 gives an overview of these actions. The data spans from 06/10/2003 to 14/05/2004 (160 weekdays, 32 weeks) and contains all the trading activity of around 2000 investors. Depending on the order type, we receive information on transaction prices (market orders, limit orders executed, stoploss, take profit, margin call), bid and ask quotes (limit orders pending), associated transaction units, and the limits of stop-loss and take-profit orders. A more detailed description of the dataset is included in Nolte & Voev (2011) . In our analysis we focus on the most actively traded currency pair EUR/USD, which accounts for nearly 39 % of all records with an average interrecord-duration of 8.5 seconds. Table 1 contains the descriptive statistics for the dataset and the transaction volumes for the specific order categories. All figures are daily averages computed over the whole dataset. The average number of different traders per day lies around 750 for the EUR/USD currency pair.
As already mentioned above the order flow measures usually considered in the literature are constructed from datasets with less information. In fact, the standard order flow measure of Lyons (1995) only requires knowledge about the number of buy and sell market orders in a given time period. At this aggregation level valuable information (for prediction purposes) contained in the individual order categories could potentially be aggregated out. Our dataset, however, allows us to analyse the information content of each and every order category and to distinguish whether these orders were submitted for the purpose of opening or closing a position.
Analysis of Category Specific Order Flows
To assess the forecasting performance of the category specific order flows we carry out an in-and out-of sample forecasting analysis. We check whether forecasting models for interbank price changes relying on category specific order flow information in addition to a benchmark forecasting specification outperform the benchmark. We use two benchmark specifications: 1) a simple white noise model containing no further information about the trading process whatsoever and 2) an advanced model that contains lagged price changes and lagged interbank order flow (computed in the standard way, as in Lyons (1995) ). We conduct this analysis for 9 intraday forecasting horizons: 1 min, 2 min, 3 min, 4 min, 5 min, 10 min, 20 min, 30 min, and 1 hour. The interbank order flow measures are computed with Reuters Dealing 3000 data and the price change series are computed from mid-quote series provided by Olsen Financial Technologies. The advanced benchmark model is a quite tough competitor as it contains in addition to past price information also information about the order flow in the interbank market. We decide to include lagged price changes into the advanced model to control for particular autoregressive structures in the price change processes that could be implied by bid-ask bounce and feedback trading effects. Such effects also include short term high-frequency predictability implied by noise traders that rely on trend following or chart-analysis as postulated in the hierarchical information market microstructure model by Xue & Gencay (2012) . We consider a period of 32 weeks starting on Monday the 6 th of October 2003 and ending on Friday the 14 th of May 2004. We divide our data into an in-sample estimation period containing the first 28 weeks and an out-of-sample period containing the last 4 weeks. We use a conservative forecasting approach and estimate the model parameters only once in-sample and then keep the parameters fixed for the whole out-of-sample period. We compute Root-Mean-Squared-Prediction-Errors (RMSPE) and analyse whether the models incorporating information on the category specific order flows provide significantly better forecasts than the benchmark models with the help of the modified Diebold-Mariano (mDM) test of Harvey, Leybourne & Newbold (1997) . We exclude the overnight periods from our data as trading activity is very low both on OANDA FXTrade and on Reuters Dealing 3000.
Let y t denote the FX price process. The benchmark white noise specification is then given by:
and the advanced benchmark model specification, with x OF t denoting the interbank order flow measure, takes the following form:
p , and ε t is a white noise process. In the advanced benchmark model we try to control for autoregressive price change patterns such as bid-ask bounce effects and the effect of lagged interbank order flow. In the second columns of Tables 3 and  4 we report the RMSPEs of both benchmark specifications for all aggregation levels.
As the advanced benchmark model nests the white noise specification it is clear that it provides a better in-sample fit than the white noise specification. The relative improvement is higher for higher frequencies on which market micro structure issues matter more. The same pattern is also visible for the out-of-sample RMSPEs, although for frequencies of 4, 20 and 30 minutes the advanced specification performs slightly worse than the white noise specification.
In order to test whether each category k specific order flow measure x k t with k = 1, . . . , 7 contains new information for forecasting, we extend the (AR-OF) specification with lagged category k order flow measures. This yields in total k models of the form:
The results of the in-sample estimation are presented in Table 3 . The RMSEs for the models containing the category k order flow measures are smaller than those of both benchmark specifications across all frequencies. The p-values of the mDM-test, however, show that especially the specifications relying on order flow of 6-Stop-loss orders and 7-Take-profit orders outperform the benchmark model up to the 20 min sampling frequency. Also, the order flows of 2-Limit orders executed (open) and 4-Market orders (open) show a significant forecasting improvement up to the 4 min frequency, while the order flow in all the other categories seems to be helpful only up to the 2 min frequency. The strong forecasting power of stop-loss and take-profit orders for up to 20 min can be explained by the fact that these are usually submitted as safeguards and been triggered by more pronounced price movements.
A weaker but similar pattern emerges from the analysis of the out-of-sample RMSPE presented in Table 4 . Here one notable difference is that also the order flow of category 1-Limit orders submitted but not yet executed is clearly helpful for prediction and helps to significantly outperform both benchmark specifications up to the 5 min frequency.
The bottom line from this analysis is that i) the order flow on OANDA FXTrade, even in disaggregated form (as individual order flow categories), contains significant information beyond the information already contained in past price changes and lagged interbank order flow; and ii) the order flows of both 3-Limit orders executed (close) and 5-Market orders (close) which are transactions with the purpose to close an open existing position are least informative. These results support our hypothesis that collectively small retail investors' trading actions have prediction power, and therefore confirm the findings that Kelley & Tetlock (2013) , Kaniel et al. (2012) and Barber et al. (2009) obtained for equity markets. This directly implies that also in market microstructure models for FX markets, retail investors mustn't be considered as pure "noise" traders.
In addition, our results show that on aggregate retail investors trading flow can be exploited to significantly improve short term out-of-sample price change forecasts which allows us to fill a second gap in the literature and to go even a step further than previous studies including Dorn et al. (2008) that consider longer horizons and non high frequency forecasting setups. We find that both market order and limit order order flows predict future price changes at high frequencies up to 5 minutes. 
Discussion about Order Flow Measures
The results of the forecasting study in the last section shows that the category specific order flows on OANDA FXTrade contain significant information for the prediction of high frequency price changes, beyond the information that is already contained in past price changes and interbank order flow. Moreover, different order categories are informative for different forecasting horizons. Given these striking observations, two questions arise from a forecasting point of view: i) can we find a combined (or aggregated across categories) order flow measure that is even better suited as a forecasting variable than any of the individual categories and ii) what is the performance of such a combined measure in comparison to standard order flow measures available in the literature (e.g. Lyons (1995) ). From an information point of view, we mustn't forget that OANDA FXTrade is organised partially as a crossing network which means that the bid and ask quotes on OANDA FXTrade depend in addition to its own inventory book on bid and ask prices from the dealer market through an external datafeed. The precise algorithm of how bid and ask prices on OANDA FXTrade are quoted, however, is a company secret and unknown to us. It is our understanding that the dealer market prices are not simply put through as it would happen in a pure crossing network. Given the setup of OANDA FXTrade and many other electronic trading platforms that rely to some degree on external datafeeds from the interbank market, it should, however, be immediately clear that all transactions (regardless of their type) on OANDA FXTrade combine information from both markets, the dealer market and OANDA FXTrade. Hence -from our forecasting point of view -the underlying key question is, how do we extract valuable information for forecasting from both markets with the order flows that we observe on OANDA FXTrade in the best possible way. But, we are also interested in constructing an order flow measure that mostly aggregates trading intentions from the crowd of OANDA FXTrade traders alone. Such a measure would shed some light on whether any improved forecasting performance stems from a 'learning channel' in the sense that order flow on OANDA FXTrade simply extracts counterparty information from the dealer market, of course, differently than the above employed interbank order flow measure; or an 'information endowment channel' in the sense that the crowd of traders on OANDA FXTrade has new information that has not reached the dealer market, yet. The latter is consistent with the common view that new information for players in the dealer market is generated through their own trading with their own customers, which naturally happens before they trade themselves in the dealer market. The difference here is that the investors on OANDA FXTrade are mainly retail investors.
To have a benchmark measure we decide to follow the literature and construct the standard order flow measure in the spirit of Lyons (1995) . His standard definition of an aggregated net order flow measure is the difference between buyer initiated and seller initiated trades within a given period; or stated differently, the cumulative sum of signed orders where buyer initiated and seller initiated orders receive positive and negative signs, respectively. The key idea behind this measure is to capture very recent changes in the information of the market participants, by focusing on the initiating party of a trade (submission of market orders), deciding to trade because of new (private) information. Hence, for example, an executed buy limit order is treated as a seller initiated trade, since it has to be merged with a sell market order.
Here the very recent information of the seller about the future direction of the price process is treated as more important than the information of the buyer, who might not have the latest information (or interpreted it differently) and previously decided to wait by placing a buy limit order. This standard order flow measure is very well suited for explaining future prices as far as the interbank market is considered, as demonstrated by Daníelsson et al. (2012) .
Let us now consider trades on OANDA FXTrade where bid and ask prices depend partially on an external data-feed from the interbank market and its own inventory book. Hence the bid and ask prices on OANDA actually depend on the information in two markets: OANDA itself and the interbank market. For the sake of the argument let us assume for the moment that OANDAs' inventory book is empty and bid and ask prices are simply put through one-to-one from the interbank market. A newly submitted buy limit order (bid) on OANDA is therefore sitting in the "book" and will get matched in the absence of further market orders against the ask price of OANDA FXTrade (the external data-feed) once the ask price just reaches (crosses) the bid of this buy limit order. As a result, the execution of this buy limit order is triggered by selling pressure in the primary market shortly before, e.g. a large sell market order in the interbank market, consuming the previous best bids there and also causing an adjustment of the best ask quotes to lower prices sightly thereafter. Measuring order flow on OANDA FXTrade with the standard net order flow measure described above yields a mixture of price expectations from traders on OANDA FXTrade (mainly through market orders) and price expectations from the interbank market (mainly through executed limit orders). Stated differently, the standard order flow measure doesn't allows us to make a distinction between the before mentioned "learning" and "information endowment" channels.
To disentangle these two types of information processes, we decide to construct an additional order flow measure that only tries to aggregate information about the direction of a future price change on OANDA FXTrade. This measure helps to test the statement of Harris (2003) , that retail investors trade based on their beliefs concern-ing a price change direction rather than fundamental information of the underlying asset. As explained below for the construction of the OANDA order flow measure we, therefore, give up the priority of the trades of the initiating party in determining the sign of the order flow measure. The key assumption that we make is, that as in the example above, limit orders on OANDA will not get matched against OANDA market orders, but rather the external data-feed. In Table 5 , we summarise definitions of the standard and the additional order flow measure, which we denote as "OANDA order flow". In column one we list the different types of actions, in column two the signs for the standard order flow measure and in column three the signs for the OANDA order flow measure.
Buy market orders, irrespective of whether they are submitted to open or close a position, get positive signs in both order flow measures since the traders on OANDA FXTrade initiate these trades and believe that the price will go up. Hence, sell market orders receive negative signs.
In the standard order flow measure, submitted (pending) limit orders are not considered, since they are not yet executed, which means that there is not yet an initiating party. They are, however, taken into account in the OANDA order flow measure since the trader, who submits a limit order, expresses his belief that the price will go up (buy, positive sign) or down (sell, negative sign).
Executed buy limit orders are treated as seller initiated in the standard order flow measure (see the discussion above) and are thus assigned negative signs. In the OANDA order flow measure they receive positive signs, since the submitter still believes that the price will increase. Otherwise he could have cancelled the order before execution. Executed sell limit orders are treated analogously.
Buy take-profit orders (close) are buy limit orders that receive negative signs in the standard order flow measure. In the OANDA order flow measure, they get positive signs, because the trader believes that the price will fall further. A buy take-profit order (close) can only be executed if the trader has a short position in a currency pair (short position in the base currency). Sell take-profit orders receive the symmetric signs. Buy stop-loss orders (close) get negative signs in both measures. For the standard order flow measure the explanation is that it is a special buy limit order. For the OANDA order flow measure the explanation is that the trader believes that the price will fall further. Again, sell stop-loss orders are treated analogously.
Buy margin call orders (close) are not used in both order flow measures. On the one hand, one can argue that they should get positive signs since they are buy market orders. On the other hand, one can argue that they should receive negative signs as they are not motivated by new information and that the traders were just proven to have wrong expectations about the price. Due to their scarce occurrence (0.12% and 0.17%, see Table 1 ) we don't expect them to play any role. In order to provide a comparative basis for the in-and out-of-sample analyses performed in Section 4, we also investigate the performance of a purely data driven order flow measure which is not based on any theoretical motivation of how information is aggregated into a single order flow measure. Here we simply include all category k specific order flow measures as explanatory variables into the regression setup.
Similar to the previous section, we again extend the (AR-OF) benchmark specification with our lagged combined order flow measures x k t with k = {SOF, OOF} where the superscripts SOF and OOF denote the standard and OANDA order flow measures, respectively. This yields:
(CAT-k)
The pure data driven combined order flow model is given by:
where x k t with k = 1, . . . , 7 denote the category k specific order flow measure as before. Table 6 presents the RMSEs of our three combined order flow measure specifications for all 9 prediction horizons. The p-values of the mDM-tests show that the standard order flow model only outperforms the (AR-OF) benchmark model up to a 4 min frequency, while the OANDA order flow measure outperforms the benchmark up to a frequency of 30 minutes and the purely data driven order flow model outperforms it even up to a frequency of 1 hour. This observation shows that even in-sample the standard order flow measure doesn't seem to do such a good job in aggregating important forecasting information and the comparison with the OANDA order flow measure or the data driven model shows that it lacks the ability to capture the slightly longer term forecasting information. It is not surprising that the pure data driven model performs best in the in-sample analysis as it is the most flexible specification, with no a priori assumptions imposed on how the individual categories are aggregated up. The OANDA order flow measure, constructed to aggregate the information of the crowd of OANDA FXTrade retail traders, performs almost as good as the pure data driven measure, which shows again that there is clearly collectively valuable information among OANDA FXTrade retail traders. Given these results, we can further conclude that information is not alone coming from a learning, but most likely also from an information endowment channel.
The out-of-sample results in Table 7 confirm the conclusions drawn from the insample study and although they are in general weaker they support the finding that the OANDA order flow measure contains valuable forecasting information especially for the longer forecasting horizons of 20 and 30 minutes. The purely data driven order flow model is also not the uniformly best model anymore.
To sum up, these results are again in line with the previous findings in this paper and the literature stating that on aggregate retail trading conveys information about future prices (see Dorn et al. (2008) , Kaniel et al. (2012) , Menkhoff et al. (2013) Table 6 : Results for the in-sample price change prediction on different sampling frequencies (Freq) for the standard (CAT-SOF), OANDA (CAT-OOF) and aggregated categories (ALL-CAT) order flow measures. The first cell entry is the Root-MeanSquared-Prediction Error (RMSPE) of the associated forecasting model.The second and third cell entries in parenthesis are the pvalue from the modified Diebold-Mariano (mDM) test with the null hypothesis that the RMSPE of the associated forecasting model is not smaller than the RMSPE of the corresponding White Noise or AR-OF benchmark model (WN, AR-OF). P-values in bold correspond to those cases where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark model (WN, AR-OF). Table 7 : Results for the out-of-sample price change prediction on different sampling frequencies (Freq) for the standard (CAT-SOF), OANDA (CAT-OOF) and aggregated categories (ALL-CAT) order flow measures. The first cell entry is the Root-MeanSquared-Prediction Error (RMSPE) of the associated forecasting model.The second and third cell entries in parenthesis are the pvalue from the modified Diebold-Mariano (mDM) test with the null hypothesis that the RMSPE of the associated forecasting model is not smaller than the RMSPE of the corresponding White Noise or AR-OF benchmark model (WN, AR-OF). P-values in bold correspond to those cases where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark model (WN, AR-OF).
information for short term exchange rate forecasting. We showed (even after controlling for interbank order flow) that the information of the at least one period lagged category specific and aggregated order flow measures lead to significant forecasting improvements. This result on its own shows that the investors on OANDA generate through their trading behavior valuable exploitable information for forecasting that is not pure noise. It is, however, not clear how exactly this information is incorporated into the price process. Is it because investors place consistently correct orders in the sense that buying pressure predicts upward price movements, or is it because investors are consistently wrong and forecasting power is generated because their wrong orders are gratefully been picked up by the interbank traders and information is incorporated through this channel?
Given the fact that OANDA FXtrade possess certain features of a crossing network as discussed in Section 5 and especially limit order flows carry information from both OANDA FXTrade and the interbank market, it seems natural to address this question by distinguishing between order flow categories and forecasting horizons. In Table 8 we present cross-autocorrelations between lagged order flow (up to lag 5) and price changes for the category specific order flow and the combined order flow measures for all aggregation frequencies. For signing these order flow categories, we follow the same logic as in Section 5 where we discussed the construction of the combined OANDA order flow measure, that aims to measure the trading intention of the OANDA traders. 1 Hence, a positive cross-autocorrelation coefficient indicates correct information, while a negative one indicates wrong information for forecasting the future price change direction.
There are a number of interesting observations that we can make: Firstly, when traders open positions with market orders (category 4) they seem to be only right for a very short term horizon (up to 1 min) about the direction of the future price movement, but otherwise consistently wrong. When they, however, close an existing position with market orders (category 5) it seems that they possess the right information about price movements ranging between 80 minutes and 5 hours and leave the market early. A possible explanation for this observation is that when traders submit market orders to close a position, they already had an exposure to this currency pair and their incentives to monitor their investment could be higher in comparison to when they simply open a new position. Secondly, when traders try to open a position by submitting limit orders (category 1) to the system they seem to be right for horizons up to around 10 minutes, for longer horizons the picture is mixed. Together with the first observation, it might well be that traders reveal their correct short term information not by placing market orders but limit orders.
The order flows discussed so far are clean in the sense that they are an immediate consequence of the actions of the OANDA traders themselves and are not directly triggered by events in the interbank market. It is already clear, however, that our traders are not consistently wrong, but also not consistently right and different order flow categories seem to reveal correct information for different forecasting horizons.
We now turn our attention to the order flow categories of executed limit orders. Executed limit orders to open a position (category 2) show that they are informative for the correct price movement only for short horizons around 3 minutes, for longer horizons they are consistently wrong. A similar pattern emerges for take profit orders (category 7) and the opposite pattern for stop-loss orders (category 6). For executed limited orders to close a position the pattern is quite mixed. Please note again that all executed limit order flows contain information about trading directions and intentions of both the interbank market and the OANDA traders and that they were constructed in such a way that they reveal the correct intentions of the OANDA traders. For all categories except the stop-loss category (category 6), where expectations of the interbank market and the OANDA traders are aligned, they measure by construction opposite trading intentions. Nonetheless, we observe that for short term forecasting horizons correct beliefs are revealed.
To sum up, we found that there is no straightforward answer to the general question whether traders on OANDA FXTrade are consistently right or wrong, but instead that the answer depends highly on the order flow category used and the forecasting horizon considered. There is a tendency in the above results that for short term forecasting horizons up to around 5 minutes OANDA traders seem to have the correct information and that for longer term forecasting horizons they seem to be wrong. This is also quite visible by looking at the aggregated OANDA order flow measure. These results are consistent with the results of the forecasting study presented in Sections 4 and 5 and show again that there is exploitable information among the set of OANDA FXTrade investors. Table 8 : Cross-correlations between the price change and the lagged order flow measures (standard (SOF), OANDA (OOF) and the 7 different category specific order flow) on different sampling frequencies (Freq) up to 5 lags. The cells highlighted in green indicate that positive significant cross-autocorrelation coefficients are significant, while cells highlighted in dark red indicate significant negative cross-autocorrelation coefficients.
Robustness Check
In order to check how robust our results are we reproduce in Appendix A the tables above for an alternative forecasting setup. Here our sample period of 32 weeks is not divided into 28 weeks of an in-sample estimation and 4 weeks of an out-of-sample forecasting period as before, but rather into 8 periods of 4 weeks each, where the first 3 weeks are always treated as the in-sample estimation period and the 4th week used as the out-of-sample forecasting period. The forecasting study described above is then carried out independently 8 times for each of the 4 weeks sub-samples. Table 9 summarises this setup of the in-and out-of-sample periods. We choose this forecasting setup with alternating in-sample and out-of-sample periods in order to account for potential structural breaks. Table 9 : In-sample and out-of-sample periods of the forecasting study.
The results of the in-sample estimations are presented in Tables 10 and 12 . As before, the RMSEs for the models containing the category k order flow measures are smaller than those of both benchmark specifications across all frequencies. Considering the p-values of the mDM-test, however, shows that as before especially the specifications relying on order flow of 6-Stop-loss orders and 7-Take-profit orders outperform the benchmark model up to the 1 hour sampling frequency. Nevertheless, it turns out that also the order flows of 1-Limit orders, 2-Limit orders executed (open), 4-Market orders (open) and 5-Market orders (close) show a significant forecasting improvement up to an hour frequency, while the order flow in all the other categories seems to be helpful only up to the 3 min frequency. When considering the RMSEs of our three combined order flow measure specifications (Table 12 ) we see that all three combinations outperform the (AR-OF) benchmark model up to a 1 hour frequency.
The same weaker pattern emerges here again for the the analysis of the out-of-sample RMSPEs presented in Tables 11 and 13 , where the category specific and the combined order flow measures models outperform both benchmark specifications up to the 2 min frequency.
Nevertheless, the results obtained from this alternative forecasting setup corroborate our previous findings, that there is clearly collectively valuable information among FXTrade retail traders, that can be exploited to significantly improve short term out-of-sample price change forecasts. In addition, these results underpin the view that retail traders on aggregate might be more than only "noise" traders.
Conclusion
In this paper we provide evidence that the trading activity of small retail investors carries significant information beyond the information contained in interbank order flow and past price changes. This information is not only able to explain future currency prices changes, but forecast them for short forecasting horizons between 1 and 20 minutes. We don't claim that each and every retail investor possess such non-publicly available information, but that on aggregate and properly extracted even a crowd of small retail investors, generates enough additional information that can be exploited successfully for price change forecasts.
Our paper is the first which analyses the trading activity of retail foreign exchange market investors in such a detail and entirety. Although used in the academic literature mainly as a modelling device, our findings question the status of retail investors as pure noise traders in market microstructure models for FX markets. While this view certainly prevails for single or a crowd of only a few retail investors, a large crowd of them seems to possess enough information processing ability to generate and extract important additional information.
The results presented in this paper are in line with the view that in the foreign exchange market information is highly dispersed among market participants and contained in disaggregated form in customer order flow. While previous studies showed that interbank market dealers should be able to extract important information from their institutional clients order flow, our study shows that even retail customer order flow observed on an electronic trading platform is informative.
In general, our findings are consistent with a hierarchical market setup (Xue & Gencay (2012) ) for the foreign exchange market in which dispersed information is processed from the bottom to the top through a system of fewer and fewer players (which are more and more informed) until it reaches the interbank market.
Moreover, our analysis also complies with the literature on investors sentiment (e.g., Baker & Wurgler (2006 , 2007 ) which provides evidence that widely dispersed news information can be successfully aggregated into sentiment indicators which have significant forecasting power for future price changes of individual companies. Table 12 : Results for the in-sample price change prediction on different sampling frequencies (Freq) for the standard (CAT-SOF), OANDA (CAT-OOF) and aggregated categories (ALL-CAT) order flow measures for the alternative forecasting setup. The first cell entry is the Root-Mean-Squared-Prediction Error (RMSPE) of the associated forecasting model. The second and third cell entries in parenthesis are the p-value from the modified DieboldMariano (mDM) test with the null hypothesis that the RMSPE of the associated forecasting model is not smaller than the RMSPE of the corresponding White Noise or AR-OF benchmark model (WN, AR-OF). P-values in bold correspond to those cases where the RMSPE of the associated forecasting model is smaller than the RMSPE of the corresponding benchmark model (WN, AR-OF). 
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